Recently, hot strip rolling processes are required to be agile and accurate in order to meet more and more diverse market demands. Under such circumstances, the traditional processing optimization by timeconsuming pilot experiments becomes difficult. To realize this target, core models of processing and mechanical properties are often established by neural network methods, which are used to handle nonlinear multi-variant systems. In modeling processing and mechanical properties, we found that the abnormal values in industrial big data could result in wrong predictions for the relationships between processing and properties. In the present work, therefore, data processing has been developed to prevent misleading predictions, which was performed by eliminating the redundant, abnormal, and imbalanced data before modeling. The Bayesian neural network was used to construct the modeling of mechanical properties for hot rolled C-Mn steels, which demonstrated that the accuracies between the measured and predicted values were within ± 10% and ± 5% for strength and elongation, respectively, providing a reliable model for the optimal process design. By applying the multi-objective optimization algorithm named Strength Pareto Evolutionary Algorithm 2 (SPEA2), the hot strip rolling processes for C-Mn steels were optimized in order for either stabilizing variations of properties or upgrading mechanical properties. Industrial trials were extensively carried out, showing good agreements with the optimized processes.
Introduction
Traditionally, a large number of pilot experiments need to be performed to optimize hot strip rolling processes. With the development of computer and automation sciences, it has become possible to develop data-driven models for computer-aided process optimization and design of new products. The optimal process design combined data-driven models and multi-objective optimization algorithm has been intensively investigated. Hung 1) obtained the optimal production process parameters for a wire bonding of ultra-thin chip scale package based on hybrid methods of artificial intelligence in microelectronic field. Lestan et al. 2) developed a system for predicting the properties of the deposited material by using the genetic algorithm for modeling the processing parameters, which had made the production of high-quality products successful. Brinksmeier et al. 3) had established physical and/or empirical models by using artificial neural network and fuzzy theories for grinding processes, and developed the optimized processes by using the genetic algorithm. Winter et al. 4) developed the optimal grinding process parameters by applying the singleobjective and multi-objective optimization, which could be
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Siwei WU, 1) Guangming CAO, 1) Xiaoguang ZHOU, 1) Naian SHI 2) and Zhenyu LIU 1) * applied to improving the eco-efficiency such as technological, economic and environmental objectives. Chatterjee et al. 5) investigated the influence of various control parameters on circularity at entry and thrust forces in drilling of titanium alloy by using face centered central composite design, in which the harmony search algorithm was used to achieve the maximum circularity and minimum thrust force. Tseng 6) applied general regression neural network to approximate the relationship between welding parameters such as welding current, electrode force, welding time, and sheet thickness and the failure load, and the genetic algorithm was used to optimize the welding parameters to obtain the preferred welding quality at the least possible cost. Mansourzadeh et al. 7) optimized spot welding parameters to improve the overall quality in a sheet metal assembly by neural networks and genetic algorithm. To obtain the desired tensile strength (TS) and minimized metal loss in friction welding of AISI 304 stainless steel at the same time, Sathiya et al. 8) had used the evolutionary computational techniques to determine the process parameters. In hot strip rolling, Mohanty et al. 9) had optimized the hot rolled coil widths by using a genetic algorithm to minimize the trim loss. In our previous work, we optimized the hot rolling process parameters of SPA-H steel to achieve the desired mechanical properties. 10) In order to ensure the 510 L steel with tight oxide scales on the surface and the mechanical properties at the same time, we 10) applied the multi-objective particle swarm optimization to the design of hot rolling processes.
However, most attention has been focused on the accuracy of data-driven models, instead of their logicalities. Figure 1 shows the typical prediction for the variations of yield strength (YS) with coiling temperatures (CT) by the neural network modeling, which is being used for on-line predictions of mechanical properties of hot strip coils. However, it can be seen that when CT was lower than 570°C, the model predicted that YS had increased with the increase of CT, clearly showing the misleading predictions. Therefore, a successful data-driven model for reliable process optimization should be of both high accuracy and correct logicality.
Due to the fluctuations in industrial data, overfitting may easily happen during the modeling by neural network, Fig.  2 , which can improve the fitting precision but in the cost of the regularities with processing parameters. In order for constructing reliable models, data processing, which consists of data cleaning, data transformation, data reduction and discretization, 11) and data balancing based on variable selections 12) should be utilized. However, the data processing in previous models for hot strip rolling processes was not based upon steel rolling theories, which might have been responsible for leading to incorrect predictions for the relationships between mechanical properties and processing parameters.
In the present paper, we developed the modeling for mechanical properties of C-Mn steels by using the Bayesian neural network on the basis of appropriate data processing, which has been verified to be of high accuracy and in good agreement with the theories of physical metallurgy. The optimal designs of both chemical compositions and hot strip rolling processes were carried out by using the modeling.
Processing of Big Data from Hot Strip Rolling
Big data for hot strip rolling are often redundant, abnormal and imbalanced, which may result in errors in prediction of mechanical properties, and often cause misleading predictions. Figure 3 shows the fluctuations of YS for the steel grade of C-0.0436%, Mn-0.225% and Si-0.011% by the same rolling schedule with the finish rolling thickness (FDH) of 2.0 mm and CT of 567-577°C, which might have been caused by the random errors in actual rolling processes and tests of mechanical properties. Therefore, in our work, the average values for certain rolling schedules had been obtained and used for developing the modeling, instead of using all industrial data without pretreatments.
The Bayesian neural network model for mechanical properties can be obtained by minimizing mean square error (MSE) between the calculated values and training data through multiple iterative calculations.
Where, n is the number of training data, P j and E j the predicted value and expected value, respectively. In this way, only the minimum MSE can be guaranteed, but the distribution of the error between the predicted values and the training data is ignored. The distribution of industrial data is always imbalanced, which may cause the modeling to be accurate for some data but misleading for other data. 13) To overcome the imbalanced problem, the data distribution should be revised, for example, by selecting the representative data out from highly concentrated training data, 14) Fig. 1. YS versus CT for a steel grade (C-0.071%, Mn-0.4120%, Si-0.0246%) with the final thickness of 3.02 mm. NNW: neural network. which, however, could not guarantee that all useful information had been included in the selections. In our work, the training data were balanced on the basis of over-sampling method. The original training data for mechanical properties were classified to be in n groups according to their values, with the number in the i th group being represented by D i . During the data balancing treatment, the number of training data for the i th group is to be compared to the maximum number among the n groups, D max , and the data in the i th group are replicated by integer multiples under the constraint that the difference between D i and D max should be minimized. Figure 4(a) shows the comparison between the balanced and original distributions of training data for YS. Figure 4 (b) shows that the comparison for training MSE before and after data balancing treatment, from which it can be seen that the MSEs can be improved after data balancing, while large MSE without data balancing may lead to large prediction errors at the low strength and high strength values.
The Modeling of Mechanical Properties by Neural Network

Development of the Modeling
Industrial data for C-Mn steels were used for the modeling. According to the data analysis, the parameters, which have strong effects on mechanical properties including chemical composition, intermediate slab thickness (FEH), rough rolling temperature (RDT), finish rolling temperature (FDT), FDH and CT are selected as the inputs for the Bayesian neural network model. The mechanical properties, such as YS, TS and elongation (EL), are considered as separate outputs. Total reduction in finish rolling can be replaced by FEH and FDH. Table 1 shows the data of chemical compositions, processing parameters and mechanical properties before and after data processing.
The original and treated data were used to develop the model 1 and model 2, respectively. The original data were sorted out by mechanical properties, and classified to be training data and testing data with the approximate ratio of 3:1. The numbers of hidden layer units were set to be 4, 4 and 5 for YS, TS and EL, respectively. After the models were trained and tested, about 430 cases of production data were used to evaluate the accuracy of the models, as shown in Fig. 6 . Figures 5(a) and 5(b) show the comparisons between the predictions by models 1 and 2 on the variations mainly caused by carbon content and CT with the measured mechanical properties, respectively. Figure 5(a) shows that YS is increased with the increase of carbon content, with other variables remaining almost constant. However, model 1 (based on the original data) predicted that YS could be changing with carbon content in a parabolic way, as shown by the dashed line in Fig. 5(a) ; On the other hand, after data processing, model 2 predicted that YS should monotonically increase with carbon content, in good agreement with the measured values, as shown by the solid line in Fig. 5(a) . Figure 5(b) shows the relationships between the measured and predicted YS with CT, which clearly indicate that YS increases with the decrease of CT because of grain refinement and formation of hard phase. Model 1, however, predicted that below about 600°C, YS could be increasing with the increase of CT; while the predictions by model 2 were in good agreement with the measured values.
Analysis of Modeling Logicality and Accuracy
Therefore, it can be seen that model 1 developed by using the original industrial data cannot reflect the correct relationship between properties and processing parameters, mainly because of the inevitable fluctuations in measurements of mechanical properties and overfitting by the complicated nonlinear fitting of neutral network. After data processing, the data relationship becomes more significant, and it is easier for neural network to establish a reasonable model, which, therefore, may improve the accuracy of model 2, especially in the range of around 500°C. Figure 6 shows the comparisons for the predicted mechanical properties (YS, TS and EL) by model 2 with the measured values, from which it can be seen that the relative error of ± 10% has been achieved for strength and absolute error of ± 5% for EL, respectively, indicating that satisfactory precision can be obtained after data processing.
The Optimal Design of Hot Strip Rolling Processes for Industrial Applications
For steels with given chemical compositions, designing the optimal hot strip rolling processes is a challenging multiobjective optimization problem, which involves searching in a complex multi-dimensional space to achieve the predefined mechanical properties. With the multi-optimization algorithm, data-driven model has been applied to the optimal design of mechanical property processes. In the present work, the optimal rolling processes were designed based on the multi-objective optimization algorithm, SPEA2, 15) and systematic industrial trials were carried out to verify the optimal design of hot rolling processes.
The Optimal Design of Rolling Processes for the
Grade of 380CL Minimization for consumption of alloying elements is one of the most important directions for steel products. In our work, the optimal hot rolling processes have been developed for the properties of 380CL, with Mn content having been reduced by about 50% as compared to the conventional grade. Table 2 shows the lowest limit for the required mechanical properties, and Eq. (2) describes the objective function for each mechanical property. Where, MP i and MP i t are the predicted and targeted values of the i th mechanical property, where, i equals to 1, 2, 3 corresponding to YS, TS and EL, respectively. The coefficient, μ, is designed as a threshold value for the objective mechanical property.
The conventional 380CL grade with the final gauge of 2.5 mm contains about 1.0% Mn, and the typical processing parameters include FEH of 34.5 mm, RDT of 1 018°C, FDT of 850°C, and CT of 610°C. In our work, new hot rolling process has been designed to reduce Mn content from 0.9-1.0% to 0.45-0.55%. In order to meet the pre-defined requirements for mechanical properties, the CT was set to be in the range of 510-600°C by using the ultra-fast cooling after hot rolling. 16 ) Table 3 shows the main parameters for Maximal Generation 100
Mutation probability 1 Cross probability 0.5 the new hot rolling. Also, taking the modeling errors and the equipment capabilities into accounts, the target values for YS, TS and EL were set to be 310 MPa, 415 MPa, and 37%, respectively; and the μ values for YS, TS and EL were used to be 45 MPa, 30 MPa, and 4%, respectively. The hot rolling processing parameters of 380CL were optimized by SPEA2 algorithm, with the calculation parameters as shown in Table 4 . Table 5 shows the Pareto optimization solutions, which formed the processing window for the control of mechanical properties. The 4th group of processing parameters in Table 5 had been used for industrial trials. Table 6 shows the processes and mechanical properties of industrial trials, indicating good agreements between the measured mechanical properties and the predicted values. Figure 7 shows the comparisons between the mechanical properties by industrial trials and conventional processes. Although Mn content has been decreased by about 50%, the mechanical properties of the optimized processes can still meet the requirements of the 380CL grade.
Reproduction method Tournament
Mechanical Properties' Stabilities Control for Hotrolled the Grade of HP295
HP295 grade is mainly used in the manufacture of liquefied petroleum gas cylinders, acetylene cylinders, and liquefied chlorine bottles with rigorous requirements for mechanical properties. Therefore, the stability of mechanical properties makes a significant impact on the final performance. Addition to the YS, TS and EL, the yield ratio is also an important technical factor to measure the cold forming performance of steel sheet. In our work, the hot rolling process design has been carried to improve the stabilities of the products' mechanical properties. Table 7 shows the required mechanical properties for HP295 grade with the final thickness of 2.9 mm. Considering the model prediction errors and the equipment capabilities, the target values for YS, TS and EL were set to be 340 MPa, 450 MPa, and 32%, respectively, with the coefficients μ in Eq. (2) setting as 30, 30 for YS and TS, and 6 for EL. Table 8 shows the constraint conditions considering of the history data and the equipment capabilities. Besides, the ratio of yield strength to tensile strength (YS/TS) was set in the range of from 0.735 to 0.785. Table 4 shows the parameters adopted during the optimization calculations. Table 9 shows the Pareto solutions of the hot rolling process design, of which the 2nd processing parameters had been used for industrial trials. Table 10 shows the industrial trial processes and mechanical properties, indicating good agreement between the achieved mechanical properties and the predicted values. Figure 8 shows the comparisons between the mechanical properties by industrial trials and conventional processes. In conventional production, the same processing parameters are always adopted for the same steel grades despite of their compositional fluctuations, which often lead to fluctuations of mechanical properties among strip products. The optimized processes, on the other hand, are able to adjust the processing parameters according to the composition of each heat, or adopt the flexible processes on the basis of steel compositions, which can definitely lead to the minimization of fluctuations for mechanical properties. It can be seen from Fig. 8 that as compared to conventional processes, the optimized processes have had reduced the fluctuations for YS, TS and EL from 140 MPa, 105 MPa and 18% down to 25 MPa, 20 MPa, and 3%, respectively. 
Conclusions
(1) Industrial data collected from hot rolling steel production lines may possess the problems such as redundancy, abnormal and imbalanced data, which can lead to misleading predictions if they are directly used to develop the modeling of processing and mechanical properties. Therefore, data processing is essential to develop a successful modeling with correct logicality.
(2) Based on the Bayesian neural network, the strength and EL of hot rolled C-Mn steels could be predicted with the precision of ± 10% and ± 5%, respectively. The modeling based on data processing showed a good logicality compared to the model without data processing.
(3) The multi-objective optimization was performed to design hot strip rolling processes of C-Mn steels, which could be used to develop the optimal processing parameters in a constrained multi-dimensional space to achieve the pre-defined mechanical properties. New rolling processes including the reduction of Mn content by 50% for the grade of 380CL and stabilizing of mechanical properties for HP295 had been obtained, which were systematically verified by industrial trials to lay the foundation for agile optimization of hot strip rolling to meet the users' special demands. 
